Abstract: Health inequalities across socio-economic groups in the US are large and have been growing. We hypothesize that, as in other, non-health contexts, this pattern occurs because more educated people are better able to take advantage of technological advances in medicine than are the less educated. We test this hypothesis by relating education gradients in mortality to a measure of medical innovation --the number of active drug ingredients available to treat a disease. We use the Mortality Detail Files and SEER cancer data to estimate consistent causal effects of education on mortality, using compulsory schooling laws in the earlier part of the 20 th century as our measure of education. We find that more educated individuals have a larger survival advantage in those diseases where there has been more medical progress. These effects are greater for more recent progress than for older progress, supporting the hypothesis that gradients emerge at the time of innovation.
Introduction
Socioeconomic disparities in health have increased over the past century in the U.S., the U.K., and continental Europe (Feldman et al., 1989 , Pappas et al., 1993 , Preston and Elo, 1994 , Black Report, 1980 , Kunst et al., 2001 , Shkolnikov et al., 1998 . In the U.S., between 1960 and 1986, the age-adjusted mortality rate for white men with high educational attainment declined from 5.7 to 2.8 per 1000, while the rate declined only from 9 to 7.6 for those with low educational attainment (Pappas et al., 1993 ). Yet, the principal causes of death and disability generating socioeconomic differentials today are quite different from those a century ago (McKeown, 1976; Cutler and Meara, 2002) . Over this period, housing, nutrition, and sanitation have improved; the infectious diseases that were the prime causes of death before World War I account for little mortality today; and access to effective medical care for those diseases that remain has become more widespread. Today, gradients are largest for chronic diseases.
Many factors can generate socioeconomic differences in health status at a point in time.
What is more difficult to explain is that these differentials have increased and have shifted among diseases during the past century (Carroll, Davey, Smith, and Bennett, 1996) . To our knowledge there is no existing economics research that has systematically investigated the question of why gradients move among diseases and widen over time.
In this paper we propose and test one explanation for this pattern: the gradient moves among diseases because education enhances the ability to exploit technological advances in medicine. For this reason, the gradient increases where and when technological change occurs.
The most educated make the best initial use of new information about different aspects of health.
Our hypothesis is an extension to health of Nelson and Phelps' (1966) theory that "the return to education is greater the faster the theoretical level of technology has been advancing (p. 72)." A substantial literature examines this pattern in the labor market (see, for example, Bartel and Sicherman, 1999; Allen, 2001 ) and in the agricultural sector (Wozniak, 1984) . Our hypothesis is also closely related to research in demography that argues that differential knowledge and diffusion of knowledge were at the root of differences in infant mortality rates in the early XX century US (Preston and Haines, 1991) ; as well as to the sociological conjecture that socioeconomic status is a "fundamental social cause" of gradients in health (Link, et al., 1998) . A fundamental cause is one that involves access to resources that can be used to avoid or minimize risks, influences multiple risk factors, and affects multiple disease outcomes. In this view, more education enables people to better exploit new information and resources.
We test this hypothesis by relating education gradients in mortality to a measure of medical innovation --the number of active drug ingredients recently approved to treat a disease.
We use the Mortality Detail Files and Surveillance, Epidemiology, and End Result (SEER) cancer data to estimate consistent causal effects of education on mortality, using compulsory schooling laws in the earlier part of the 20 th century as a proxy for education. We find that more educated individuals have a larger survival advantage in those diseases where there has been more medical progress. These effects are greater for more recent progress than for older progress, supporting the hypothesis that gradients emerge at the time of innovation. We perform a series of additional analyses to rule out alternative theories.
Empirical Strategy
We are interested in estimating a linear probability model of the probability of dying within 5 years, where education is interacted with progress: In this specification, X includes disease fixed effects, and other individual characteristics. We expect that β 1 will be negative, reflecting the steady-state survival advantage of the more educated and that β 3 will be negative, since progress improves survival. Our discussion further suggests that β 2 the interaction between education and progress should be negative (because the outcome is dying rather than positive health), so that the survival advantage of the more educated is larger for diseases with more progress.
Why would Education gradients be related to progress?
Many recent studies of health status differentials focus on gradients associated with education. These studies generally find that education is closely correlated with health status (even controlling for income), and suggest that the relationship is causal.
1 However, this result is still controversial (See Fuchs, 1982) , in part because the mechanism(s) by which such a relationship might operate are not well understood. Similarly, the idea that education increases the rate of adoption of innovations is accepted in many contexts, yet it is not obvious that education accelerates diffusion in the context of health.
There are several mechanisms through with the relationship between education and health could be affected by technological innovation. As in other contexts of diffusion, more educated people are better informed about medical innovation. According to a 1999 National Science Foundation survey, 32% of those with more than a college degree reported they were both very interested and very well informed about new medical discoveries, in contrast to only 14% of those with a high school degree or less. 2 The survey also found that more educated people also have a more positive view of the risks and benefits of innovation: 71% of those with a college degree or higher thought that the benefits of new technologies would strongly outweigh any harmful consequences, in contrast to 47% of high school graduates and only 25% of those with less than a high school degree. 3 Greater access to information and more positive valuations of the benefits could lead to the more educated adopting newer medical innovations first. As an 1 F o r e x a mp l e s e e L l e r a s -M u n e y ( 2 0 0 2 b ) s h o w s t h a t i n c r e a s e s i n e d u c a t i o n i n d u c e d b y c o mp u l s o r y s c h o o l i n g l a w s l e a d t o i mp r o v e me n t s i n h e a l t h s t a t u s . 2 F r o m S c i e n c e a n d E n g i n e e r i n g I n d i c a t o r s 2 0 0 0 , p u b l i s h e d b y t h e N a t i o n a l S c i e n c e F o u n d a t i o n . T h e r e p o r t c a n b e f o u n d a t t h e f o l l o w i n g w e b s i t e : h t t p : / / w w w . n s f . example, when analyzing the effects of the 1964 Surgeon General's Report, Meara (2001) concludes "the response to knowledge plays a more important role than knowledge itself in creating differential health behavior."
Medical innovation differs from other kinds of innovation because most medical innovations are prescribed or implemented by medical professionals, not by patients themselves, however educated. As prior research has documented, there are enormous variations in the practice patterns of medical professionals (Skinner et al., 2002; Chandra and Skinner, 2003) . In this context, more educated people would have an advantage in the presence of innovation if they were more effective at searching for high quality providers. 4 Consistent with this reasoning, researchers have found that people of higher socioeconomic status, such as the more educated, are more likely to participate in clinical trials, where they would gain access to the newest treatments (Sateren et al 2002) . If this is the mechanism through which innovation affects education gradients, we would expect to see less effect of innovation on the gradient when the general quality of providers is greater. We test this mechanism below.
In the labor market context, more educated people are more adept at implementing new technologies (such as computers) in their early stages, when these technologies are complicated to use. The same may also be true for some health innovations. New innovations may be simpler or more complex than those they replace at introduction, which would lead to shifts in the gradient.
Over time, these technologies (which may vary in their complexity at introduction) tend to become simpler and more refined and, hence, more accessible to less educated people. In the health context, more educated people may be better able to understand and tolerate complex dosing regimes or side effects. In the case of new HIV drugs, for example, complex-dosing regimes contributed to reduced early diffusion of the drugs to less educated groups. As physicians and patients gained expertise with the drugs, they diffused to other populations (Cunningham et al, 2000) . In our context, this mechanism suggests that the effects of innovation on the gradient will be greatest soon after the introduction of an innovation.
Finally, there are several other mechanisms that could generate a correlation between education and technology adoption, operating through other factors. Education raises income, and income might provide better financial access to quality care. Higher income people are also able to support better-endowed hospitals and more medical specialists. We will try to distinguish our causal hypothesis from these alternatives in the last section of the paper (these hypotheses are not exclusive and may all be true to varying extents).
We now provide a formalization of our hypothesis. The following formalization closely follows Nelson and Phelps (1966) . This model is only illustrative. It captures the basic features of our hypothesis in a simple fashion and provides guidelines for our empirical approach.
Suppose that the health H of an individual can be modeled as a function of the level of technology A that the individual has access to, education E and other inputs C: 
where w'(e)<0. This key assumption captures the ideas that were presented in the introduction --that is that the more educated "adopt" new technologies at a faster rate because of better access to information, better use of information, and better capacity to search for better providers and or treatments. This feature can be generated from maximization principles simply by assuming differential costs of technology adoption. This model assumes that individuals have chosen education in previous periods and that technological changes are unanticipated. In this context, we can express the health of the individual as
The derivative of the health production function with respect to education gives us what is known as "the education gradient" in health. It gives the marginal gain in health induced by an additional unit of schooling. In this model it is composed of the effect of education on adoption and of the effect of education on health that is not directly mediated by technology. For example, the more educated might simply be better at complying with prescribed treatment (Goldman and Smith, 2001 ). The gradient can be expressed as:
Since w'(e) is negative, the model predicts that health is an increasing function of education and that the rate of return of education is larger the higher the rate of technological change. 5 We test this prediction in data by estimating the disease-specific education gradient and relating the size of the gradient to measures of innovations that proxy for the parameter λ.
Mortality Data
We use two sources of mortality data for this project: the SEER data, which contains information about cancer mortality conditional on cancer diagnosis Even if individuals leave these counties, they are followed by the registry to establish their status as of the last year of the data, in our data up to 1998. Information on vital status was recorded for all individuals in the sample as of 1998. These data allow us to look at 5-year 5 T h e s e c o n d d e r i v a t i v e a b o v e a s s u me s t h a t H i s a d d i t iv e l y s e p a r a b l e , a n d t h a t c h a n g e s i n t h e r a t e o f i n n o v a t i o n o n l y a f f e c t t h e m a r g i n a l p r o d u c t i v i t y o f e d u c a t i o n t h r o u g h s h o r t e r a d o p t i o n l a g s . 6 A l s o s e e A c e m o g l u a n d A n g r i s t ( 1 9 9 9 ) , A n g r i s t a n d K r u e g e r ( 1 9 9 1 ) , L l e r a s -M u n e y ( 2 0 0 2 b ) , M a r g o a n d F i n n e g a n , ( 1 9 9 6 ) a n d S c h mi d t ( 1 9 9 6 ) , G o l d i n a n d K a t z ( 2 0 0 3 ) . 7 T h e d a t a o n c o mp u l s o r y a t t e n d a n c e a n d c h i l d l a b o r l a w s w e r e c o l l e c t e d f r o m m u l t i p l e s o u r c e s ( S e e L l e r a s -M u n e y , 2 0 0 2 a , f o r d e t a i l s ) . W e u s e o n l y t w o l a w s : t h e a g e a t w h i c h a c h i l d h a d t o e n t e r s c h o o l a n d t h e a g e a t w h i c h h e c o u l d g e t a w o r k p e r mi t a n d l e a v e s c h o o l . T h e d i f f e r e n c e b e t w e e n t h e s e t w o v a r i a b l e s me a s u r e s t h e i mp l i c i t n u mb e r o f y e a r s a c h i l d h a d t o a t t e n d s c h o o l . 8 T h e S e e r d a t a i n c l u d e t w o m o r e r e g i s t r i e s ( S a n J o s e a n d L A ) b u t w e e x c l u d e t h e m s i n c e d a t a a r e o n l y a v a i l a b l e f r o m 1 9 9 2 t o 1 9 9 8 f o r t h e s e r e g i s t r i e s . 9 T h i s i s h o w t h e N a t i o n a l C a n c e r I n s t i t u t e d e s c r i b e s a r e g i s t r y o n t h e i r w e b s i t e " G e o g r a p h i c a r e a s w e r e s e l e c t e d f o r i n c l u s i o n i n t h e S E E R P r o g r a m b a s e d o n t h e i r a b i l i t y t o o p e r a t e a n d ma i n t a i n a h i g h q u a l i t y p o p u l a t i o n -b a s e d c a n c e r r e p o r t i n g s y s t e m a n d f o r t h e i r e p i d e mi o l o g i c a l l y s i g n i f i c a n t p
o p u l a t i o n s u b g r o u p s . T h e p o p u l a t i o n c o v e r e d b y S E E R i s c o mp a r a b l e t o t h e g e n e r a l U S p o p u l a t i o n w i t h r e g a r d t o me a s u r e s o f p o v e r t y a n d e d u c a t i o n . T h e S E E R p o p u l a t i o n t e n d s t o b e s o me w h a t mo r e
u r b a n a n d h a s a h i g h e r p r o p o r t i o n o f f o r e i g n -b o r n p e r s o n s t h a n t h e g e n e r a l U S p o p u l a t i o n . " mortality, conditional on cancer diagnosis from 1973 to 1993. 10 We exclude individuals that died from external causes. Summary statistics for the final SEER sample are in Table I . Our sample is relatively old because we exclude people born after 1925: average age at diagnosis for this sample is around 70. 11 About 2/3 of the population died within 5 years of diagnosis, most frequently from cancers of the digestive system, of the respiratory system and of the genital system.
We also use mortality rate data from the Mortality detail causes of death files. We can calculate 4-year mortality rate by matching mortality counts in the Mortality Detail files with population data from the Census. We construct death rates by cause of death, gender, cohort and state of birth for three periods, 1960-1963, 1980-1983 and 1990-1993 (state of birth is not available in the death certificates from 1963 until 1979. We are therefore limited to looking at 4 years death rates-rather than the standard 5, and we also cannot obtain rates for the 1970s). We aggregate causes of death (ICD 9 codes for 1980 and 1990, ICD 7 codes for 1960) into the 72 broad categories that are commonly used in other mortality data such as the National Health
Interview Survey by the CDC. We drop all death rates from unknown or external causes.
Summary statistics for this data are in Table II . Not surprisingly, since we are calculating unconditional mortality, the average mortality rate is much lower than in the cancer data, about 3 per thousand. Our sample here is somewhat younger (mean age about 65) because we include data from 1960. The main causes of death in the data are cardiovascular disease, cancer, and respiratory diseases.
Each data set has its own advantages. The mortality data contains deaths from all causes and spans a longer period of time. The cancer data gives us information on cancer mortality
T o a v o i d c e n s o r i n g w e d r o p i n d i v i d u a l s d i a g n o s e d a f t e r 1 9 9 3 . W e h a v e e s t i ma t e d C o x p r o p o r t i o n a l H a z a r d mo d e l s a n d t h e y y i e l d s i mi l a r r e s u l t s , b u t t h e e s t i m a t i o n s a r e v e r y s l o w b e c a u s e o f
t h e l a r g e n u mb e r o f o b s e r v a t i o n s a n d e x p l a n a t o r y v a r i a b l e s .
T h e a v e r a g e a g e a t d i a g n o s i s i s a r o u n d 6 2 i n t h e f u l l S E E R d a t a . O u r s a mp l e i s o l d e r b u t n o t mu c h m o r e .
conditional on diagnosis. The SEER provides individual level data, so it contains more control variables.
We also matched our data (by county or state) with a number of other data sets. See
Appendix C for a complete description of the data sources.
Measure of progress
To estimate the main equation of interest, equation (3) we need to find disease-specific measures of progress. There is no consensus about how to measure either progress or the relative importance of progress (Allen, 2001; Bartel and Sicherman, 1999) . We use the number of active ingredients approved by the FDA to treat a particular disease as a proxy for innovation in medical technology. We use the number of active ingredients rather than drug approvals, since the former constitute greater pharmaceutical innovations. For notational simplicity, we refer to active ingredients as drugs below.
Drugs are a limited measure of innovation. Many drugs are subsequently used to treat diseases that they were not originally approved for and these innovations would not be captured in our data. Furthermore, non-drug related innovations are not captured at all (except to the extent that they occur concurrently with drug innovation) and some of the major innovations in medicine in the last decades, such as angioplasty or MRI, are diagnostic or surgical innovations (Fuchs and Sox, 2001 ).
For the all-cause mortality data, we match mortality rates with the number of drugs approved in the last five years (so, for example, 1960-63 mortality is matched to the number of drugs approved between 1955 and 1960). We also repeat these analyses using stocks of drugs.
In the cancer data we use the stock rather than the flow of drugs. Very few new cancer drugs are approved in any given year, and many of these are used for several diseases, so there is little variation in our data. This reflects the nature of innovation in cancer chemotherapy, which often occurs through the use of novel combinations of existing drugs or through new modes of delivery of existing drugs. 12 The number of new combinations of existing drugs is likely to be correlated with the stock of available drugs.
The data on active ingredients, the condition(s) 13 they were approved to treat, and their FDA approval dates was given to us by Frank Lichtenberg, and originally were obtained through a FOIA request to the FDA. Unfortunately, not all drugs in our data can be dated: some may have been invented prior to the creation of the FDA (1938), there are others for which we could not impute a date of approval. There are about 80,000 different drugs in the US today if we define drugs using the National Drug Code (NDC) assigned by the FDA. However we count only about 2,000 unique active ingredients. Although prescribed medicines can contain one or more active ingredients, more than ¾ of the drugs are single-ingredient drugs. We match the active ingredient data to our sample using ICD9 condition codes. The match between drugs and diseases is better in the SEER than in the mortality data, since drugs typically treat specific diseases (rather than causes of death) and we know each individual's particular condition. In the mortality data, the match between drugs and causes of death can be imprecise: for example, drugs to control diabetes can reduce death rates from diabetes, but also from heart disease, stroke, kidney failure, etc.
We conduct two tests to assess the usefulness of drugs as a measure of progress. First, we examine the correlation between the stock of cancer drugs by cancer subtype and the change in the 5-year survival rate conditional on cancer diagnosis, a direct measure of cancer progress.
The correlation between number of drugs for cancer treatment and increases in the 5-year survival by cancer subtype is positive, about 0.3.
Next, we examine the direct correlation between drugs and mortality in our data. For both cancer and all-cause mortality data we estimate the following equation:
12 h t t p : / / w w w . c a n c e r . o r g / d o c r o o t / C R I / c o n t e n t / C R I_ 2 _ 6 x _ t h e _ h i s t o r y _ o f _ c a n c e r _ 7 2 . a s p ? s i t e a r e a = C R I . 13 N o t e t h a t a s i n g l e d r u g c a n b e u s e d t o t r e a t ma n y c o n d i t i o n s , a n d a c o n d i t i o n c a n h a v e ma n y d r u g s t o t r e a t i t .
Where X includes cohort dummies, state-of-birth dummies, gender, age, age squared, year and disease dummies (for cancer we also include marital status, and Hispanic, but we do not include site dummies given that there is a unique progress measure for each site). As expected, we find that the stock of drugs (cancer) and flow of drugs (all cause mortality) have a negative and significant effect on the probability of dying in both samples (see Appendix D).
Documenting the gradient
Recall that neither data set contains actual years of education. Instead we use the number of years of compulsory schooling applicable to an individual. By including laws in place of education in a model of mortality/health, we are estimating a reduced form equation. The advantage of this method is that we can argue that the effects we measure can be interpreted as causal, assuming that these laws affected mortality only through their effect on education.
14 On the other hand, we are identifying the effect of education for those affected by these laws, i.e.
those at the lower end of the distribution of education.
We begin by documenting education gradients in the SEER data. We estimate the model in (3) above without including an interaction, where X includes 47 state of birth dummies, 24 cohort dummies, 8 registry dummies, 2 decade dummies, and dummies for 80 cancer site.
Importantly we control for4 stage of diagnosis dummies, and for each site interacted with stage at diagnosis. 15 Since we include state of birth and cohort dummies, the effect of compulsory schooling laws is identified from variations in the laws within states over time. The results are in Panel A of Table III . We find a negative and significant effect of compulsory schooling on mortality for both males and females.
In panel B, we present estimates of the same model using the all-cause mortality data.
The mortality data is aggregated to cells defined by cause of death, gender, cohort and state-of-14 T h i s a s s u mp t i o n i s t e s t e d i n L l e r a s -M u n e y ( 2 0 0 3 ) .
birth. The regression includes gender, age, age squared, year dummies, and dummies for cohort and state of birth. As in the cancer data, we identify the effect of compulsory schooling from variation in the laws within states overtime. Again we find negative and significant effects of compulsory schooling on mortality for both genders, although these are much smaller in magnitude.
In order to better interpret these effects, we estimate the implied two-sample IV estimates of the effect of education on mortality in Table III . Using the 1960 Using the , 1970 Using the , 1980 Using the and 1990 censuses we can estimate the first stage, i.e. the effect of compulsory schooling on educational attainment. We find that the effect of one more year of compulsory schooling on education is about 0.05 of a year of schooling for both genders. Since the model is exactly identified and provided that we include the same covariates in both estimations, the Two-Sample IV estimate of the effect of education on mortality can be calculated as the ratio of the reduced form equation estimate and the first stage estimate. 16 Using estimates from the first two columns, we find that the TSIV estimate of the effect of education on cancer mortality conditional on diagnosis is somewhere between -0.018 and -0.050 (Panel A). At the means, this coefficient suggests that one more year of education reduces the probability of dying of cancer (in the SEER data) within 5 years of diagnosis by about 7%. For unconditional mortality (Panel B) the implied coefficient is between -0.0006 (female) and -0.002 (male), so one more year of schooling reduces all-cause 4-year mortality by about 36%. The TSIV estimates in the all-cause mortality data are substantially smaller than those found by Elo and Preston (1996) who report that the effect of one more year of schooling on 5-year (all cause) mortality is between 0.02 and 0.05. Since our objective is to look at whether the education gradient is related to progress (rather than to measure the gradients themselves), in the remainder of the paper we will present reduced form estimates of the effect of 15 C o x p r o p o r t i o n a l h a z a r d mo d e l s y i e l d e d s i m i l a r r e s u l t s b u t g i v e n t h a t t h e d a t a a r e l a r g e a n d t h a t w e i n c l u d e ma n y v a r i a b l e s , t h e s e e s t i ma t i o n s t a k e a v e r y l o n g t i me s t o c o n v e r g e . W e t h e r e f o r e p r e s e n t l i n e a r p r o b a b i l i t y mo d e l s i n s t e a d . 16 T h i s me t h o d w a s u s e d b y D e e a n d E v a n s ( 1 9 9 9 ) . one more year of compulsory schooling on outcomes. 17 We also compare this to gradients using actual education further below.
Two results are worth pointing out. In both samples, the effect of education on mortality is greater for men than for women. This is a commonly found result in the literature (for example see Elo and Preston, 1996) . Secondly, the effect of education on mortality is greater in the allcause data than in the cancer data, which suggests that education may reduce the incidence of disease as well as improving survival conditional on disease.
Our results are consistent with Lleras-Muney and Lichtenberg (2002), who find that more educated individuals are more likely to use prescription drugs more recently approved by the FDA. In the estimates here, however, the number of drugs is used as a proxy measure to capture innovation more broadly, since drug innovation might be correlated with broader innovation for a disease, for example with better understanding of disease causes and prevention. Drug innovation may also expand the availability of novel therapeutic combinations of new and existing drugs.
The Effect of Progress on the Gradient in Mortality
We now relate the education gradients by disease to progress (measured by number of drugs) for that disease. In the SEER data, we estimate equation (3) above, i.e. we regress the probability of dying within 5 years of diagnosis on compulsory schooling and on the interaction between compulsory schooling and the number of drugs. 18 Panel A of Table IV reports the estimated coefficients for the interaction term, for the entire sample and by gender. Male coefficients are negative as predicted but not females. We suspect that this lack of robustness may be due to unmeasured characteristics of some cancers that are likely to be correlated with education and that may also be related to the efficacy of therapy (Kaufmann et al., 2003) , in 17 T h e i n c l u s i o n o f s t a t e -o f -b i r t h a n d c o h o r t s p e c i f i c v a r i a b l e s ( s u c h a s i n f a n t mo r t a l i t y , n u mb e r o f h o s p i t a l s p e r m i l e a n d n u mb e r o f d o c t o r s p e r c a p i t a i n s t a t e -o f -b i r t h a t a g e 1 4 ) d i d n o t a f f e c t t h e r e s u l t s . R e s u l t s a v a i l a b l e u p o n r e q u e s t . 18 R e s u l t s u s i n g a n o n -l i n e a r p r o b a b i l i t y m o d e l y i e l d s i mi l a r e f f e c t s . S e e a p p e n d i x X particular cancers of the reproductive organs. The incidence and severity of cancers of the reproductive system is correlated with whether a woman has ever been pregnant and with her age at first birth (Constantino, et al., 1999; Riman et al., 2002) . Age at first birth, in turn, is correlated with education (Martin, 2000) . Therefore we repeat the analysis for females excluding cancers of the female reproductive and we find the expected result. We therefore restrict all following cancer regressions for women to non-reproductive organ cancers.
These results are quite robust to the inclusion of covariates (Appendix E): once cancer site dummies are included, adding other covariates has little impact on the magnitude and significance of the interaction estimates.
In panel B we report similar aggregate estimates using the Mortality files. We estimate the interactions using two specifications. First, we interact education with the number of drugs approved in the previous five years for the disease (we include the main effect of the number of drugs approved). All coefficients, irrespective of the specification, are negative and significant.
The estimates of the interaction are quite similar for men and women.
Secondly, we estimate equation (3) using the total number of drugs approved by disease as of 1990 (not the flow) and interact it with education. We do this because date of approval is missing for several drugs and was sometimes imputed, but more importantly we want to test whether using the stock rather than the flow of drugs results in any bias, given that we are using stocks in our cancer estimations. We find that the interaction with total number of drugs is also negative and significant, and it is smaller as one might expect given that this is a noisier measure of innovation.
As a test of the robustness of these results, we examined the effect on the interaction between the gradient and progress if we randomly matching drugs to diseases (rather than matching drugs to the disease for which they are indicated). We randomly matched drugs to diseases 200 times in each set of data, re-estimated equation 3 for each random match, and compared our correctly-matched estimate with these random matches. For the all-cause mortality we randomized the match only within years. The descriptive statistics for the estimated interactions are in Appendix F. As expected, in both the SEER and the mortality data, we cannot reject that the estimates from the random match is significantly different from 0. Additionally, the point estimate of correctly-matched interaction term (Table IV) is outside the 95 th percent confidence interval of the simulated interactions.
As we discussed previously, drugs are not the only form of medical innovation. We repeated the estimation in table IV using increases in the 5-year survival rate as a measure of progress. Again we find that the interaction between compulsory education and the progress measure is negative and significant.
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Overall we find support for the hypothesis that the education gradient is steepest for those diseases where there has been the most progress.
Illustrative Cases
Our empirical results show a robust relationship between education gradients and rates of technological progress. We next document the relationship with respect to specific diseases, comparing cases where we know from alternative sources whether there has been progress or not.
There has been enormous progress in the treatment of cardiovascular disease since 1970. Cutler and McClellan (2001) estimate that the value of the benefits associated with new technologies in this area considerably outweigh treatment costs. By contrast, they find little improvement in cancer survival (although there has been progress in the treatment of some types of cancer). In Figures 1a and 1b , we compare changes in gradients (estimated from the all-cause mortality data) in cardiovascular disease mortality and cancer mortality against time and the number of new drugs available to treat these diseases. We find, in both cases, that the education gradient tends to increase with the number of drugs available for the treatment of the disease. We also find that the education gradient in cardiovascular disease has increased much more rapidly over time than has the gradient in cancer, consistent with the greater progress in treatment of cardiovascular disease that has previously been documented.
Among cancers, progress has varied by subtype of disease. In particular, there has been very little progress in the treatment of pancreatic cancer. Even today, the overall 5-year survival rate is less than 1%, and most people with this disease die within one year. 20 By contrast, colon cancer is quite treatable, using a combination of surgery and chemotherapy. There has also been considerable innovation in the treatment of this disease over time. Most recently, in 1990, a large clinical trial documented substantial benefits from a new form of post-surgical chemotherapy that combined two existing agents. 21 Note that this type of innovation is not captured by changes in the flow of drugs, but may be proxied by the stock of available drugs. Figures 2a and 2b show the education gradients in survival for men and women diagnosed with pancreatic and colon cancer. The graphs show little change in the gradient for pancreatic cancer (indeed, the gradient for women actually fell over time) and a steep increase in the education gradient in colon cancer, consistent with our hypothesis that gradients increase with technological progress.
Is the gradient larger for more recent technological progress?
The steady state relationship between an innovation and the gradient in education may vary by technology. For example, if technological innovation is skill-biased (the more educated have higher returns from a particular innovation) steady state gradients will increase. Our hypothesis, however, suggests that a given technology diffuses over time from the more educated to the less educated. This implies that recent improvements in technology should affect gradients more than older improvements do.
19 S e e t a b l e 1 1 i n G l i e d a n d L l e r a s -M u n e y ( 2 0 0 2 ) f o r t h e s e r e s u l t s .
We test the hypothesis that gradients are steeper for newer technologies using the Mortality data, by looking at how the interaction of the gradient with progress varies with the timing of progress. We estimate the following equation: In Table V we present the estimates of β 2t , and β 2(t-1) . The interaction effect for current drug approvals is negative and significant. Interactions associated with earlier approvals are generally smaller than the effect of the most recent drugs. This result suggests that the gradients associated with a particular innovation are largest immediately after the innovation is introduced.
Cross sectional results from the NHIS using actual education
All the results we have presented so far use compulsory schooling instead of education.
There are no data available with which we could reproduce our results for the entire period 1960-1990 using actual measured education. In order to verify that our results are not exclusively due to our use of an instrument for education, we use cross-sectional data from the National Health Interview Survey (NHIS) to show that 1) we obtain similar gradients using measured education and controlling for many additional individual covariates; and 2) in a cross-sectional analysis we obtain relationships that are similar to those we obtain in the cancer data set, that is that gradients are larger for diseases with more drugs.
21 Se e w w w. nc i . n i h. g ov / c a nc e ri n fo / p d q/ a d u l t t rea t me nt The NHIS is an annual cross sectional survey of the U.S. population. All respondents 18 years of age or older in the 1986-1994 surveys were subsequently matched to the Mortality Cause of Death (MCD) files from 1986 to 1995. For purposes of comparison with our other data, we restrict the NHIS sample to whites ages 40 and above. For each individual we calculate whether or not they died within 5 years of the baseline. Summary statistics for the NHIS-MCD data are reported in Appendix G.
Tables VIA present the results for the effect of education on the probability of dying within 5 years controlling for age, gender, Hispanic, marital status, family income, industry and occupation dummies, region dummies, activity limitation, smoking status, and Body Mass Index (BMI). Even with these controls we find that education lowers the probability of dying within the next 5 years by 0.003, or 3%. The effect is negative and significant for both men and women.
Next we calculate the gradient for each of the 56 (non-external) causes of death reported in the NHIS and correlate these gradients with the number of drugs approved for that cause of death from 1980 to 1990. The regression results are in table VIB. Although not significant, the coefficient does suggest that gradients are more negative for diseases for which more drugs were approved in the 1980s.
Examining Alternative Mechanismss
We have documented a robust relationship between education and technology and also find that recent innovations increase the education gradient most. We interpret these results as providing some evidence to support our hypothesis that the more educated adopt newer technologies first.
We next examine alternative reasons that education might affect the gradient.
A-Geographical variation in treatment quality
Gradients in health outcomes might emerge not because of differences in the behavior of patients, but rather because of variations in the quality of care available (Skinner et al. 2002; Chandra and Skinner, 2003) . If rich, educated neighborhoods have access to high quality providers who adopt new technologies earlier, while disadvantaged, uneducated neighborhoods have access mostly to poor quality providers who adopt innovations later, we would find a significant effect for the interaction between education and innovation. Under this scenario, however, the interaction effect would be completely driven by endogenous co-location of educated patients and high quality providers.
To distinguish these theories we note that our cancer results are robust to the inclusion of county fixed effects. In these specifications, we are identifying our interaction effects using within county variation. It is, of course, very plausible that there are also provider quality differences within counties, but we would also expect to see substantial variation in quality across counties. We find, however, that controlling for county fixed effects has no impact on our estimates (see Appendix C) of the interaction effect, although the county fixed effects themselves are highly significant as one might expect. This suggests that the pure geographical hypothesis does not explain our interaction results for cancer.
To further explore the issue, we add additional time-varying county covariates in the cancer models. 22 In Panel A of table VII, we add county level mean education and log of per capita personal income. While county income has a significant negative effect on mortality, inclusion of these additional variables has no effect on the interaction coefficient.
The geographic co-location hypothesis suggests that controlling for differences in the quality of local health care providers should erase the advantage of more educated people. A related hypothesis suggests that the mechanism by which more educated people take advantage of new health technologies is by searching for better health providers who will have access to such technologies. If part of the advantage of educated people comes from better search for high quality providers, then we expect that this advantage will be smaller when the overall quality of care is greater. We consider two proxies for the quality of care available in each county: the quality of care for other diseases and the number of medical specialists. If county level quality of care, correlated with education differences, is the explanation of our education findings, inclusion of quality indicators (and of interactions between quality indicators and progress) should eliminate our estimated effect. If the mechanism by which more educated people obtain new technologies is search, however, our estimated baseline effect should remain after inclusion of quality indicators and the coefficient of a triple interaction between quality, education, and progress should be positive.
For the geographic theory above to explain our results across disease types, it must be the case that the quality of treatment of all diseases is higher is rich counties than in poor counties.
Therefore, we can use cardiovascular (CV) mortality rates of whites in each county and year as a proxy for the general (lack of) quality of care. Although CV mortality also captures differences in health habits such as smoking, as implemented here, with controls for county and year dummies, this measure should also captures in CV mortality that are due to changes in the quality of care.
We estimate a model where education (denoted CSL for compulsory school), drugs and CV mortality (denoted CVMR) are fully interacted: The results are in Panel B, Table VII . We find that the effect of education interacted with drugs remains negative and significant for men. 23 We also find that indeed cancer mortality is higher in areas where CV mortality is higher (either because underlying health habits are worse or because the quality of care is worse). Contrary to our hypothesis, the triple interaction between 22 W e d o n ' t h a v e c o u n t y i d e n t i f i e r s f o r a l l o u r mo r t a l i t y c a u s e o f d e a t h f i l e s . 23 I n a mo d e l e x c l u d i n g t h e t r i p l e i n t e r a c t i o n t e r m, i t i s a l s o n e g a t i v e a n d s i g n i f i c a n t f o r w o me n .
education, drugs and CV mortality (a marker of low quality) is positive and significant. This suggests that the cancer survival advantage of the more educated in the presence of cancer specific progress is reduced when cardiovascular mortality is high. This may reflect poorer overall health status in these areas.
Next, in Panel C of Table VII , we use the number of medical specialist in the county as an alternative measure of the quality of care available, and again estimate the fully interacted model. The interaction between education and drugs remains negative and significant for men 24 .
Among men, we find that counties with more specialists have higher mortality (which may reflect endogenous location decisions) and that the presence of specialists enhances the benefits of progress for all. We also find that, for men, the triple interaction with specialists is positive. This suggests that one mechanism through which education improves health is more effective searching. When all providers are of high quality, skill in searching for a good provider may matter less.
B-Education and income
It is likely that our estimated effect of education is capturing more than the direct advantages of education. More educated individuals will also have higher permanent income.
Suppose that new technologies are expensive, but their financial price falls over time. In this scenario, richer, more educated individuals "purchase" technology first, and poorer less educated individuals purchase it later. We would find that the more educated benefit more from recent progress, but the effect is due to income, not education, per se. This problem is difficult to solve since it is almost impossible to disentangle education and income in survey data.
We have shown (Table IV , panel A) that our results are robust to controls for annual income in the county. This, however, is a very noisy measure of individuals' resources. We consider two alternative strategies that both rely on the role of income in reducing the effect of financial barriers to care. Note that the income effects of education should be strongest where financial costs are largest, but the direct effects of education need not vary with financial cost. for income, we expect the coefficients on the interactions to be greater for those under age 65. In fact, we find the opposite: there is no interaction effect among young males, but there is a significant interaction for those above 65. Coefficients for both age groups are negative for women, but neither is significant.
As a second test, we examine how variations in the price of medical care affect these results. Following Chernew, Cutler, and Keenan (2002), we obtained average Medicare expenditures per beneficiary (excluding home health care expenditures) by state and year (MEB).
Skinner (2000) has shown that the differences in these expenditures across regions are largely uncorrelated with health outcomes. Chernew, Cutler, and Keenan show that expenditures are correlated with uninsurance in the population under 65. We estimate a model that includes medical expenditures, expenditures interacted with progress, and expenditures interacted with education. We hypothesize that higher costs reduce access to care and hence survival, that they reduce the benefits of progress (by limiting access), and that they matter less to the more educated (and higher income). The results (Panel B, Table VIII) indicate that the interaction between progress and education is still negative and significant for both men and women. We find no 24 I n a mo d e l e x c l u d i n g t h e t r i p l e i n t e r a c t i o n t e r m, i t i s a l s o n e g a t i v e a n d s i g n i f i c a n t f o r w o me n .
25 M e d i c a r e a l w a y s c o v e r e d a n t i -c a n c e r d r u g s i f a d mi n i s t e r e d i n t r a v e n o u s l y ( a s mo s t c h e mo t h e r a p y d r u g s a r e ) i n a n o u t p a t i e n t s e t t i n g . B e g i n n i n g i n 1 9 9 3 , M e d i c a r e a l s o c o v e r e d t h e s e d r u g s i f t h e y w e r e t a k e n o r a l l y a n d s e l f -a d m i n i s t e r e d . S e e h t t p : / / c ms . h h s . g o v / me d i a / p r e s s / t e s t i mo n y . a s p ? C o u n t e r = 6 1 2
S i n c e M e d i c a r e d o e s n o t c o v e r mo s t o t h e r d r u g s , w e d o n o t p e r f o r m t h i s t e s t w i t h t h e a l l mo r t a l i t y d a t a .
other significant effects of prices. Again, this finding is consistent with our hypothesis that the effect of education does not operate entirely through income.
Conclusion
Studies of technological diffusion consistently point to education as a factor that increases the diffusion rate (Hall and Khan, 2003) . We find evidence that this pattern also holds true in the context of health services. More educated people appear to benefit from the development of new health care technologies more rapidly than do less educated people.
Diffusion of medical technologies to patients is mediated by patterns of diffusion among providers. We find some evidence that suggests that the advantages of more educated people are smaller where providers are more uniformly knowledgeable. This result implies that variations in the quality of medical care pose greater hazards to less educated than to more educated patients.
Yet our results also suggest that neither geographic variation nor income, alone, explains the advantage of educated people in the presence of technological innovation. Education also appears to have a direct effect that enhances the benefits of innovation.
We find that the effect of a technology on the mortality gradient is greatest immediately after the introduction of a new technology, suggesting that technologies may eventually diffuse to less educated people. In an era of accelerating technological innovation, however, this pattern can generate ever-widening gradients in overall health. This prediction is consistent with the experience of the post-1950 period, a period of substantial innovation in the treatment of disease and of widening gradients in health. Notes: Standard errors in parentheses. N=55. Each coefficient comes from a separate regression, where the effect of education for each cause of death is regressed on a constant and on the relevant measure of innovation, using the variance of the effect of education as weights. The effect of education is the coefficient on education in a regression of the probability of dying in 5 years after the interview, which includes single age dummies, family income, female dummy, Hispanic dummy, region dummies, 2-digit occupation dummies, 2-digit industry dummies, disability dummy, smoke dummy, BMI, and interview year. We obtained 55 different coefficients (and their standard errors) by running a regression for each cause of death. Sample consists of whites ages 40 and above with no missing data. * significant at 10%; ** significant at 5% 
